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Translation quality estimation method
that combines machine translation knowledge
SUN Xiao, ZHU Conghui, ZHAO Tiejun
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Sentence-level machine translation quality estimation( Sentence—Level QE) takes the sentence of source language and
the corresponding machine translation as input, and estimates the quality of the translation. Aiming at the problem that some feature
engineering based methods using neural network and word embedding don “t include machine translation knowledge, this paper
proposes a translation quality estimation method that combines machine translation knowledge.The method incorporates bidirectional
neural machine translation models into the training process of the translation quality estimation model. The experimental results show
that the Pearson correlation coefficient for HTER prediction has been improved, which proves the effectiveness of the proposed
method.
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Fig. 1 The structure of the model
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